This study investigated how changes in land surface temperature (LST) during 2004 and 2014 were attributable to zoning-based land use type in Seoul in association with the building coverage ratio (BCR), floor area ratio (FAR), and a normalized difference vegetation index (NDVI). We retrieved LSTs and NDVI data from satellite images, Landsat TM 5 for 2004 and Landsat 8 TIRS for 2014 and combined them with parcel-based land use information, which contained data on BCR, FAR, and zoning-based land use type. The descriptive analysis results showed a rise in LST for the low-and medium-density residential land, whereas significant LST decreases were found in high-density residential, semi-residential, and commercial areas over the time period. Statistical results further supported these findings, yielding statistically significant negative coefficient values for all interaction variables between higher-density land use types and a year-based dummy variable. The findings appear to be related to residential densification involving the provision of more high-rise apartment complexes and government efforts to secure more parks and green spaces through urban redevelopment and renewal projects.
Introduction
An urban heat island (UHI) is a phenomenon that occurs when urban areas have a significantly higher surface temperature than surrounding non-urban areas, primarily due to excessive heat energy created by human activities. The UHI issue has recently drawn much scholarly attention because it is considered as an important factor associated with climate change and global warming, heat-related health and mortality, and adverse effects on ecosystems such as drought, forest fires, water pollution, and air pollution [1] [2] [3] [4] [5] . Abundant examples of adverse UHI effects can be found globally [6] [7] [8] . For example, the African, Eurasian, North American, and South American continents all experienced extreme heat waves in the summer of 2018, with new temperature records in Seoul, Korea and Tokyo, Japan, as well as record-breaking forest fires in California and deadly wildfires in Greece, resulting in hundreds of fatalities (https://edition.cnn.com/2018/07/23/world/global-heatwaves-climate-change-wxc/index.html: accessed 15 August 2018).
The existing research literature has attempted to identify the spatio-temporal factors impacting UHI effects and related mitigation strategies and focused on the relationship between urban spatial configurations and the spatio-temporal distributions of land surface temperature (LST). Prior studies and several comprehensive reviews such as Gago et al. [9] and Deilami et al. [10] have offered several the land (site) area, floor area ratio (FAR) which is the ratio of total floor area divided by land (site) area, and normalized difference vegetation index (NDVI) . For these empirical analyses, we retrieved LSTs and NDVI from satellite images for both years and combined them with parcel-based land use information, which contains BCR, FAR, and land use type classified by zoning ordinance.
This study has several features that distinguish it from previous studies. First, to the best of the authors' knowledge, this is the first attempt to investigate the relationship between zoning-based land use types and changes to LST. Furthermore, we use regression models to statistically test how LST has changed over time by land use type in the association with the BCR, FAR, and NDVI. The second distinction of the study is related to the characteristics of the study area and is described below.
Seoul is a good testbed for investigating the relationship between land use patterns and LST because Seoul has experienced marked UHI effects due to its urban configuration and land use patterns. In addition, the city has been highly built up, leaving little land space for new development over the last several decades. Therefore, Seoul provides an appropriate setting to examine the LST effects of urban redevelopment and renewal projects initiated by the Seoul metropolitan government (SMG) over the last decade to restore natural resources and enhance the quality of citizen life. The results of our analyses can provide empirical evidence of how the SMG's efforts to enhance natural amenities with greater provision of parks and green spaces contribute to a reduction in LST. We utilized satellite images, Landsat TM 5 for 2004 and Landsat 8 OLI TIRS for 2014, to retrieve LSTs and NDVI.
This article is divided into three sections. The first section provides an overview of the case study areas and explains the data sources used in the analysis. The second section presents analysis results derived from descriptive methods, and then presents multivariate analysis results from the statistical models. The third section summarizes all results and addresses their implications.
Study Area and Data

Study Area
Seoul is one of largest and densest cities in the world. It also has highly mixed land use patterns. The total number of the city's population was 9.8 million in 2016 and its population density was 16,200 persons per square kilometer with a land size of about 606 square kilometers, which was 5.6 times higher than that of the Los Angeles County (2910 persons per square kilometer in 2010). The main reasons for high-density development in Seoul are that land supply for urban development is very limited due to strict greenbelt regulation, and that it is an attractive location due to a concentration of employment opportunities as well as urban amenities such as an extensive transit system, and social and cultural facilities. The majority of land in Seoul (60%) is used for urban purposes such as residential and commercial use, while about 40% of land remains as green areas, including parks, and is mainly designated as a green belt.
Little developable land remains available for new development within Seoul. Therefore, despite high demand for urban development, many redevelopment and revitalization projects have been implemented by the public and private sectors over the last decades. In particular, the SMG introduced a "new town in town" project in 2002, which is a large scale urban regeneration project for rejuvenating old towns mostly to the north of the Han River. It designated 35 neighborhoods with a total area of 27.3 square kilometers for the project, and among them 26 sites were primarily designated for residential redevelopment, while the remaining nine sites were designated for renewal of the old downtown district for commercial use [27] . Although many of the regeneration plans were postponed because of the real estate market downturn after the 2008 global financial crisis, some redevelopment projects, such as the Eunpyeong district redevelopment, were in the completion phase as of 2015. However, several sites, such as the Gileum and Mia districts, remain under construction.
Data
This study utilizes two sources of the parcel-based GIS data: the Parcel Based Land Information System (PBLIS) by the Ministry of Interior, and the Land Management Information System (LMIS) by the Ministry of Land, Infrastructure, and Transport. We retrieved the LST and NDVI in 2004 and 2014 from satellite images and combined these with the parcel-based land use data using a geographic information system (GIS) for the city of Seoul. The LST and NDVI data in 2004 and 2014 were retrieved from the Landsat thematic mapper 5 (hereinafter "Landsat TM-5") satellite image and Landsat operational land imager and thermal infrared sensor (OLI TIRS) 8 (hereinafter "Landsat-8") satellite images. As shown in Table 1 , we acquired the images for different months (June 2004 and September 2014) because we could not find clear images during the same month of the year. We corrected the atmospheric effects to retrieve more reliable LST. It is known that atmospheric correction is crucial for the reliable LST retrieval with some exceptions [31] . Various correction algorithms were proposed to remove atmospheric effects from TIRS image data [32] [33] [34] [35] . In this study, Thermal atmospheric correction tool in ENVI 5.3 has been utilized to calibrate Landsat-8 TIRS (2014) data to brightness temperatures. For Landsat TM 5 (2004) image, ACTOR tool of ERDAS Imagine 2014 software was applied because the brightness temperature option in ENVI 5.3 is not applicable for the TM 5 image. The LST was measured from the thermal band 6 for the Landsat TM-5, and Bands 10 and 11 for Landsat-8 using the mono window algorithm, following the method of the study by Qin et al. [36] . In general, four algorithms to retrieve the LST from TM imagery are most frequently used. They are the mono window method [36, 37] , the single channel method [38, 39] , the split-window method [33] , and the temperature/emissivity separation method [40] . This paper adopts the mono window algorithm partly because the differences in results among these methods are not significant [41] and partly because best result can be obtained this way [32] .
This paper follows two steps to measure the LST: (1) conversion of the digital number (DN) into the spectral radiance; and (2) conversion of the spectral radiance into the at-sensor brightness temperature. This paper employs the equation developed by the National Aeronautics and Space Administration (NASA) for computing the spectral radiance from the DN of the thermal band in a satellite image. Ultimately, this paper calculates the effective at-sensor brightness temperature (TB) in Kelvin using Planck's inverse function for temperature [42] . The basic information on the satellite images for 2004 and 2014 is presented in Table 1 . where x = raw score, µ is the mean of the population, σ is the standard deviation of the population) in order to take the seasonal variations between the image capture dates into account, as suggested by Rogan et al. [43] . Z-scored LST, known as a standard LST score (hereafter named ZLST), is computed by dividing the difference between the observed LST value and the mean by the standard deviation. We retrieve the NDVI from the satellite image by calculating the ratio of near infrared (NIR) and red band in the spectral information, as shown in Equation (1).
where NIR is the near infrared band value for a cell and RED is the red band value for the cell. We use bands 4 and 3 in the Landsat TM-5 image, and bands 5 and 4 in the Landsat-8 for calculating NDVI. To remove atmospheric effects from the satellite images, the ACTOR tool in the ERDAS Imagine 2014 software has been used.
Empirical Analyses
Descriptive Analysis
Our primary concern was the impact of urban land use on LST. Therefore, for our empirical analysis, we selected parcels for residential, commercial, and industrial use with 222,253 observations for each year. Table 2 presents the means and standard deviations for FAR, BCR, LST, and NDVI from the combined data set for 2004 and 2014. Maps (a)-(d) in Figure 1 show visual changes of the four measures, respectively. The figure illustrates that there seems to be a significant relationship between green areas and LST changes. In order to emphasize the relationship, an example of a zoom-in image was added in Figure 2 . Figure 2 illustrates a redevelopment site that has experienced a significant LST reduction possibly due to residential densification from low-density (a) to high-density residential development (b).
Our data shows that the average ZLST in the study area decreased by 0.01 over the last decade, while the average NDVI increased by 0.09 during the same period, implying an increase in green vegetation and a slight decrease in ZLST. Increases in BCR and FAR over the last decade are also notable and indicate a greater building coverage ratio and higher density in 2014 than in 2004. NDVI. To remove atmospheric effects from the satellite images, the ACTOR tool in the ERDAS Imagine 2014 software has been used.
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The designation "semi-residential area" indicates the land for mixed residential and commercial use, while the "commercial area" designation includes central and general commercial areas as well as neighboring and circulating commercial areas as defined by the zoning ordinance. Semi-industrial area is the land for light industry or other industries, but needs supplementation of residential, commercial and business functions. Table 4 presents changes in ZLST and NDVI by land use type between 2004 and 2014. The most significant ZLST change occurred in low-density and high-density residential areas between 2004 and 2014. In 2004, low-density residential areas had the lowest ZLST (−0.664), and high-density residential areas had the second lowest (−0.259). However, their order reverse in 2014 with the largest ZLST reduction in high-density residential areas (−0.156). On the other hand, low-density residential areas experienced the highest ZLST increase (0.367) during the 2004-2014 period. NDVI changes partly explained changes in ZLST caused by land use type. NDVI increases were found in land use types which experienced ZLST drops. This indicates a negative relationship between ZLST and NDVI. This argument is generally supported by Figure 3 , showing that ZLST is negatively associated with NDVI for all of land use types at 1% significance level in terms of the Pearson correlation coefficient. area is the land for light industry or other industries, but needs supplementation of residential, commercial and business functions. Table 4 presents changes in ZLST and NDVI by land use type between 2004 and 2014. The most significant ZLST change occurred in low-density and high-density residential areas between 2004 and 2014. In 2004, low-density residential areas had the lowest ZLST (−0.664), and high-density residential areas had the second lowest (−0.259). However, their order reverse in 2014 with the largest ZLST reduction in high-density residential areas (−0.156). On the other hand, low-density residential areas experienced the highest ZLST increase (0.367) during the 2004-2014 period. NDVI changes partly explained changes in ZLST caused by land use type. NDVI increases were found in land use types which experienced ZLST drops. This indicates a negative relationship between ZLST and NDVI. This argument is generally supported by Figure 3 , showing that ZLST is negatively associated with NDVI for all of land use types at 1% significance level in terms of the Pearson correlation coefficient. 
Statistical Analysis
To investigate the effects of land use type on LST, we built two pooled ordinary least squares (OLS) regression models by combining observations for both years, a base model, and a model with year dummy interaction variables. The pooled model can enhance statistical power and capture the interaction impacts between land use type and year on LST changes, while controlling for other factors affecting LST. For the base model, eight independent variables were used. They were NDVI, BCR, five land use type dummy variables (the low-density residential area is the reference group), and year dummy variable.
served as the dependent variable. For the second model, we added five land use type interaction variables into the base model to capture the interaction impacts between land use type and year. As Jaccard and Turrisi [44] argued, it is possible to statistically test whether LST changes vary by land use type over time with the interaction variables that we used here. Table 5 shows the OLS results for both models. The overall performance of the models is moderate with a R 2 value of 0.28. All independent variables for both models were statistically significant (p < 0.01). The values of the variance inflation factor (VIF) ranged from 1.21 to 8.82, showing no serious collinearity with the exception of the year dummy variable in the second model (10.93). 
To investigate the effects of land use type on LST, we built two pooled ordinary least squares (OLS) regression models by combining observations for both years, a base model, and a model with year dummy interaction variables. The pooled model can enhance statistical power and capture the interaction impacts between land use type and year on LST changes, while controlling for other factors affecting LST. For the base model, eight independent variables were used. They were NDVI, BCR, five land use type dummy variables (the low-density residential area is the reference group), and year dummy variable. ZLST served as the dependent variable. For the second model, we added five land use type interaction variables into the base model to capture the interaction impacts between land use type and year. As Jaccard and Turrisi [44] argued, it is possible to statistically test whether LST changes vary by land use type over time with the interaction variables that we used here. Table 5 shows the OLS results for both models. The overall performance of the models is moderate with a R 2 value of 0.28. All independent variables for both models were statistically significant (p < 0.01). The values of the variance inflation factor (VIF) ranged from 1.21 to 8.82, showing no serious collinearity with the exception of the year dummy variable in the second model (10.93) .
Specific result are as follows. First, as we expected, the model results showed that the NDVI was negatively associated with LST and that BCR was positively associated with it; these findings indicate that larger BCR is likely to contribute to increasing LST. The base model results showed a positive coefficient value for the year dummy, implying that the LST in the study area has increased over the last decade after controlling other factors affecting LST.
Second, a notable finding is that the LSTs in all land use types were higher than the reference group (low-density residential areas), indicating that low-density residential areas have the lowest LST. Third, and most importantly, all the interaction variables had significant negative coefficient values in the second model. This finding indicates that LST has significantly reduced in dense land use areas during the 2004-2014 period, regardless of land use type, compared to LST change in low-density residential areas. 
Conclusions and Implications
This study investigated how changes in LST were impacted by land use type, using Seoul as a case study. The descriptive analysis results showed that over a ten-year period, there was a rise in LST for low-and medium-density residential, and semi-industrial areas, whereas LST drops were found in high-density residential, semi-residential, and commercial areas. The multivariate statistical results partly supported these findings, yielding statistically significant negative coefficient values for all the interaction variables between higher-density land use types and the year dummy variable; this implies LST drops in higher-density land use areas. Our findings are consistent with studies of Stone et al. [8] and Chen et al. [45] who argue lower LSTs occur in compact urban areas in the United States and in city centers in China, respectively.
Our findings present several implications for urban planning and development. First, they offer empirical evidence for higher LST reduction in denser land uses, supporting the argument for compact development as a sustainable urban planning tool in terms of UHI effects. Since the land use classification in this study is based on zoning ordinances in Korea, the findings can help urban planners to understand the relationship between land use zoning and LST, and to develop land use planning measures for mitigating LST increases. Second, the larger LST reduction that occurred in higher-density areas appears to be related to residential densification in Seoul due to the provision of high-rise apartment complexes there. According to the SMG, the number of apartment complexes (The apartment complex is defined by number of building floors (5 or above) and apartment units (300 or more units)) in Seoul increased by 60.5% from 2652 in 2005 to 4256 in 2016, and the number of apartment buildings increased by 55.7% from 12,800 to 20,000 during the same period. In addition, more high-rise apartment buildings have been supplied between 2005 and 2016 with the increase in the share of 16 story or higher apartment buildings from 34.9% in 2005 to 38.3% in 2016 (http://data.seoul.go.kr/dataList/datasetView.do?infId=171&srvType=S&serviceKind=2: accessed 13 August 2018). The strong preference of higher-income residents for high-rise apartment buildings drove the increase in apartment supply because apartment complexes provide good amenities such as parks, walking paths, bike paths, convenient access to public transit, and safety by having gatekeepers.
Third, like many previous studies, our results also indicate that higher NDVI in denser land areas contributes to the LST reduction. This emphasizes the importance of providing green vegetation in the redevelopment or renovation process. In order to provide more green spaces to citizens, the SMG has implemented various park and green space policies under the 2030 park and green space master plan, including restoration of the Cheonggye stream in the downtown area, green rooftops, and open, green apartments with the removal of apartment complex walls. According to the SMG, parks and green spaces have increased from 284.5 square kilometers in 1999 to 318.2 square kilometers in 2014, representing a 12% increase (https://seoulsolution.kr/en/content/3497: accessed 14 August 2018.) Lastly, to the best of our knowledge, no previous studies have investigated the relationship between land use zoning and densification and LST. More empirical studies need to be conducted in other countries to elucidate this relationship and to find similarities and differences in that relationship through comparative studies.
